Abstract Climate change will likely have severe effects on water shortages, flood disasters and the deterioration of aquatic systems. In this study, the hydrological response to climate change was assessed in the Wei River basin (WRB), China. The statistical downscaling method (SDSM) was used to downscale regional climate change scenarios on the basis of the outputs of three general circulation models (GCMs) and two emissions scenarios. Driven by these scenarios, the Soil and Water Assessment Tool (SWAT) was set up, calibrated and validated to assess the impact of climate change on hydrological processes of the WRB. The results showed that the average annual runoff in the periods 2046-2065 and 2081-2100 would increase by 12.4% and 45%, respectively, relative to the baseline period 1961-2008. Low flows would be much lower, while high flows would be much higher, which means there would be more extreme events of droughts and floods. The results exhibited consistency in the spatial distribution of runoff change under most scenarios, with decreased runoff in the upstream regions, and increases in the mid-and lower reaches of the WRB.
INTRODUCTION
Global climate change, which is attributed to the increase of greenhouse gas emissions, is likely to produce significant effects on the hydrological cycle (IPCC 2007) . In China, many researchers have found that pervasive human interference, such as the construction of soil and water conservation projects, reservoirs and irrigation infrastructures, has contributed much to the reduction of water resources in the Yellow River Basin (Ringler et al. 2010) . However, climate change, including the reduction of precipitation and increase of temperature, has also played an important role in runoff changes in the second largest river in China (Liu and Cui 2011) . The hydrological cycle, as the key linkage of the atmosphere and biosphere, is inevitably influenced by the natural forces resulting from climate change (Xu et al. 2005) . Investigation of hydrological response to climate change is becoming more and more important for present and future water resources management (Christensen et al. 2004) .
The Wei River is the largest tributary of the Yellow River. It is the major source of water supply for the Guanzhong Plain, the economic hub of western China. The Wei River basin (WRB) plays an important role in the management and development of water resources in the Yellow River basin, and has great strategic significance in the regional economic development and the development of western China. Therefore, studies of climate change in the WRB are important for efficient and sustainable utilization of water resources and maintaining the good health of the river ecosystem in western China (Zuo et al. 2012) .
At present, assessment of hydrological response to climate change basically follows the paradigm of: 'climate scenario generation-hydrological simulationhydrological response assessment'. Coupling general circulation models (GCMs) and hydrological models is considered the most promising way to assess the impact of climate change on water resources, since GCMs can provide more credible information about future climate, and hydrological modelling generates more knowledge of local hydrological processes and changes (Bronstert et al. 2002) . Although distributed hydrological models with finer resolution are inherently incompatible with GCMs on spatial and temporal scales, statistical downscaling bridges two different scales by establishing empirical (statistical) relationships between large-scale features simulated by GCMs and regional/local climate variables (Xu et al. 2009a) .
Many previous studies have investigated the response of watershed hydrological processes to climate change at different scales in China. For instance, Guo et al. (2002) developed a macro-scale and semi-distributed monthly water balance model to assess the impact of climate change on hydrological processes in China, based on different GCM and RCM outputs. Liu et al. (2010) assessed the impacts of climate change on hydrological processes in the headwater catchment of the Tarim River basin (China) using the variable infiltration capacity (VIC) macro-scale hydrological model and the Delta method for constructing regional climate change scenarios. Xu et al. (2011) applied climate projections from GCMs to the SWAT model in two catchments of the Yangtze and Yellow river basins and assessed uncertainty in the impacts of climate change on river discharge in the two catchments. Chen et al. (2012) coupled GCMs and two hydrological models (the Xinanjiang model and HBV model) to analyse the impacts of climate change on future runoff from Qingjiang watershed using a statistical downscaling method.
Among the aforementioned models, SWAT (the Soil and Water Assessment Tool) is one of the best choices for application to large ungauged basins for climate change impact assessment. SWAT was developed by the US Department of Agriculture, Agricultural Research Service (USDA-ARS) for assessing the impact of human activities and climate change on streamflow, sediment and agricultural chemical yields in large river basins (Arnold et al. 1998 ). The SWAT model has been used extensively worldwide in many fields, such as runoff and sediment simulations (Rostamian et al. 2008 , Xu et al. 2009b , Maalim and Melesse 2013 , non-point source pollution estimation (Narasimhan et al. 2010 , Wang et al. 2011 , Niraula et al. 2013 , calibration and uncertainty analysis (van Griensven and Meixner 2007 , Yang et al. 2008 , Zhang et al. 2009 ), and also climate change impact assessment. Xu et al. (2009c) used four GCMs (CGCM2, CCSR, CSIRO and HadCM3) to generate future possible local meteorological variables, which were then used as input to SWAT to simulate the corresponding future streamflow regime in the headwater catchment of the Yellow River basin. Li et al. (2010) evaluated the possible impacts of climate change in the period 2010-2039 on water resources in the Heihe basin on the Loess Plateau of China and further explored adaptive measures to cope with the changes. Projections of four climate models (CCSR/NIES, CGCM2, CSIRO-Mk2 and HadCM3) and SWAT were employed to simulate the hydrological response to climate changes. Raneesh and Santosh (2011) downscaled a RCM to project future climate scenarios, which were then used as inputs for SWAT to evaluate the effect of climate change on streamflow in a humid tropical watershed of India. Liu et al. (2011) investigated the impacts of climate change on streamflow in the Yellow River basin by using SWAT, outputs from HadCM3 and the statistical downscaling model (SDSM). Ficklin et al. (2012) assessed the impacts of expected 21st century climatic changes in the Sierra Nevada at the sub-basin scale by using SWAT for all the hydrological flow components, and a suite of 16 GCMs with two emissions scenarios. Wang et al. (2012) used the output from the Providing Regional Climates for Impacts Studies (PRECIS) regional climate model in conjunction with SWAT to analyse the effects of climate change on streamflow of the Xiying and Zamu rivers in the Shiyang River basin. Dile et al. (2013) assessed the impact of climate change on the Gilgel Abay River in the Upper Blue Nile Basin. The SDSM was used to downscale the HadCM3 GCM scenario data to provide input to SWAT. KankamYeboah et al. (2013) used SWAT and downscaled climate projections from the ensemble of two GCMs (ECHAM4 and CSIRO) to estimate the impact of climate change on streamflow in the White Volta and Pra river basins in Ghana. Few of the aforementioned studies have used multi-GCM outputs, downscaling methods and hydrological models to comprehensively assess the potential impacts of climate change on temporal characteristics of annual and daily runoff regimes and the spatial distribution of mean annual runoff at the sub-basin scale in western China.
In this study, a one-way coupling of GCMs and a hydrological modelling approach is adopted to evaluate hydrological response to future climate change scenarios in the WRB. A unidirectional linkage system, i.e. a GCM outputs-statistical downscaling method-distributed hydrological model (SWAT) coupling system, is developed in the WRB. Firstly, multi-GCM output and multi-emission scenarios were downscaled using a statistical downscaling method. Secondly, the distributed hydrological model SWAT was calibrated and validated to simulate monthly and daily runoff for a long time period at the sub-basin scale. Finally, the climate change scenarios were used to drive the SWAT model, and possible changes in the temporal characteristics of the flow regime and the spatial distribution of mean annual runoff were projected for future periods. The results obtained in this study could be used as a reference for water resources management by local water authorities.
STUDY AREA DESCRIPTION
The Wei River (Fig. 1) originates from Niaoshu Mountain, flows through the provinces of Gansu, Ningxia and Shaanxi, and runs into the Yellow River at Tongguan. The basin is located between 104°00′E and 110°20′E, and 33°50′N and 37°18′N, with a length of 818 km and a drainage area of 1.35 × 10 5 km 2 . The northern part of the basin is on the Loess Plateau and the southern part is in the Qinling Mountains; the western part is geographically high, while the eastern part is low. The Wei River has many tributaries: the largest is the Jing River, which is 455.1 km long and covers an area of approximately 45 400 km 2 , accounting for 33.7% Fig. 1 Sketch map of the Wei River basin.
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Depeng Zuo et al. of the total area of the WRB, while the second largest is the Beiluo River, which has a length of 680 km, with a catchment area of 26 900 km 2 occupying 20% of the whole WRB.
The WRB is located in a semi-arid area with temperate continental monsoon climate. In winter the climate is cold, dry and rainless, controlled by the Mongolia high pressure system, and it is hot and rainy in summer due to the effects of the West Pacific subtropical high pressure system. The precipitation, temperature, evaporation and runoff vary greatly at inter-annual and intra-annual time scales. The mean air temperature is 7.8−13.5°C (decreasing from the main channel towards the northern and southern tributaries), mean annual precipitation is 400−800 mm year -1 (decreasing from south to north), potential evapotranspiration is 800−1000 mm year -1 (decreasing from east to west), mean runoff is 195 m 3 s -1
, and the runoff coefficient varies within the range 0.1−0.2 (He et al. 2009 ).
HYDROLOGICAL SIMULATION

The hydrological model SWAT
The physically-based distributed hydrological model, SWAT (ver. 2009 ) developed within ArcGIS 9.3, was adopted in this study. The SWAT model is a continuous hydrological model developed by USDA-ARS in the early 1990s to assess the impact of land management practices on water, sediment and agricultural chemical yields in large complex watersheds with varying soils, land uses and management conditions over long periods of time. The main components of SWAT include hydrology, climate, nutrient cycling, soil temperature, sediment movement, crop growth, agricultural management and pesticide dynamics (Neitsch et al. 2005) .
Spatial parameterization for the SWAT model is performed by dividing the basin into sub-basins on the basis of topography and subdividing sub-basins into a series of Hydrologic Response Units (HRU) based on unique soil, land-use and slope characteristics. The responses of each HRU in terms of water and nutrient transformations and losses are determined individually, aggregated at the sub-basin scale and routed to the associated reach and basin outlets through the channel network. The SWAT model represents the local water balance through four storage volumes: snow, soil profile, shallow aquifer and deep aquifer. The soil water balance equation is the basis of the hydrological modelling.
The simulated processes include surface runoff, infiltration, evaporation, plant water uptake, lateral flow, and percolation to shallow and deep aquifers. Surface runoff is estimated by a modified Soil Conservation Service (SCS) curve number (CN) equation using daily precipitation data based on the soil hydrology group, land-use/land-cover characteristics and antecedent soil moisture. Further technical details of SWAT are given by Neitsch et al. (2005) .
The calibration and uncertainty analysis procedure, SUFI-2
The sequential uncertainty fitting algorithm (SUFI-2) procedure (Abbaspour 2007 ) was used for parameter optimization. In this procedure, all sources of uncertainties such as driving variables, conceptual model, parameters, and measured data are represented in the ranges of parameters, which are calibrated to bracket most of the measured data in the 95% prediction uncertainty. Overall uncertainty in the output is quantified by the 95% prediction uncertainty (95PPU) calculated at the 2.5% (L95PPU) and 97.5% (U95PPU) levels of the cumulative distribution of an output variable obtained through Latin hypercube sampling. The SUFI-2 procedure starts with large but physically meaningful parameter ranges that bracket most of the measured data within the 95PPU, and then decreases the parameter uncertainties iteratively. After each iteration, new and narrower parameter uncertainties are calculated where the more sensitive parameters find a larger uncertainty reduction than the less sensitive parameters. Two indices are used to quantify the goodness of calibration/uncertainty performance: the P factor, which is the percentage of measured data bracketed by the 95PPU band, and the R factor, which is the average width of the band divided by the standard deviation of the corresponding measured variable. Theoretically, the value of P factor ranges between 0 and 100%, while that of R factor ranges between 0 and infinity. A P factor of 1 and R factor of 0 would indicate a simulation that exactly corresponds to the measured data. As a larger P factor can be obtained at the expense of a larger R factor, a trade-off between the two indices must be sought (Abbaspour 2007) .
Database description and model set-up
The input data needed in SWAT include a digital elevation model (DEM), land-use map, soil map, digital stream network, as well as meteorological and hydrological observed data. In this study, the DEM (1:250 000), land-use map (1:250 000) and soil map , and were used to calibrate and validate the SWAT model. On the basis of the DEM and digital stream network, a minimum drainage area of 8000 ha was chosen to discretize the WRB into 106 sub-basins. The geomorphology, stream parameterization and overlay of soil and land use were done automatically within SWAT. These 106 sub-basins were further subdivided into 565 HRUs based on unique combinations of soil and land use.
The hydrological simulation in the Wei River basin
Sensitivity analysis, calibration, validation and uncertainty analysis were performed for the hydrological model using monthly runoff data. The calibration period was 1990-2008, considering the first 3 years as the warm-up period. The validation period was 1961-1989; the first 3 years of the period were excluded from the analysis to mitigate the impact of the unknown initial conditions. Because the series of hydro-meteorological variables involved in this study start in the early 1960s when the hydro-meteorological measuring technology was still relatively poor, more errors in the input data could be expected and so larger input uncertainty. Therefore, a recent 19-year period, between 1990 and 2008, was adopted for calibration when the study area experienced wet, dry and average hydrological conditions, and more importantly, the quality of input data is good enough to satisfy the model calibration. to validate the model. As hydrology in SWAT involves a large number of parameters, a sensitivity analysis was performed to identify the key parameters across different regions. For the sensitivity analysis, 28 parameters related to hydrology were initially selected, and are referred to as 'global' parameters in this study. The results of the sensitivity analysis of parameters involved in calibration (Table 1) show that most of the 28 global parameters related to hydrology were sensitive to runoff. As expected, parameters such as CN2 (SCS runoff curve number), ALPHA_BF (baseflow alpha factor) were the most sensitive. All parameters selected in this study were involved in the following calibration procedure.
To compare the observed and simulated runoff hydrograph, a modified version of the efficiency criterion was selected as an objective function in the calibration procedure, defined as (Krause et al. 2005) :
where R 2 is the coefficient of determination between the observed and simulated runoff and b is the slope of the regression line. Inclusion of b guarantees that under-or over-predictions of runoff are also reflected.
The Nash and Sutcliffe (1970) coefficient of efficiency (E NS ), and the coefficient of determination (R 2 ) were also used to measure the model performance. The closer the values of E NS , R 2 and Φ are to 1, the more successful the model calibration/ validation. Figure 2 presents the calibration and validation results for Linjiacun, Weijiabao, Xianyang, Lintong and Huaxian stations. The R factor values for both calibration and validation at these five stations were quite small. However, the P factor values for the calibration at Linjiacun and Weijiabao were small, which indicates that the actual uncertainty is larger than expected. The validation period showed better agreement than that of the calibration period. This is probably because the model is more suitable for wetter conditions, and is in accordance with the findings of Xie and Cui (2011) . The other reason is that there is a general tendency for SWAT to underestimate spring peaks and to sometimes overestimate autumn streamflow (Arnold et al. 2000) , which obviously occurred in the drier conditions of the calibration period.
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In calibration (validation), the Φ and E NS values at most of the stations were higher than 0.6 (0.7), and R 2 at all stations was higher than 0.7 (0.8). Stations with relatively poor simulation were Linjiacun and Weijiabao, located in the upstream region. Based on information from local experts and previous research in the study area (Shangguan et al. 2002 , Wang et al. 2007 , possible reasons for large uncertainties at these stations include the construction or operation of reservoirs and insufficient accounting for agricultural water usage. Generally speaking, the model performance criteria were quite satisfactory enough for further studies.
GENERATION OF CLIMATE CHANGE SCENARIOS
Statistical downscaling model, SDSM
Downscaling is necessary to generate information below the grid scale of GCMs. There are two main approaches to downscaling: dynamical and statistical methods (Fowler et al. 2007) . Statistical downscaling was widely used in the present climate change impact study as this method offers considerable computational savings and can be applied relatively easily to different GCMs, parameters and regions (Wood et al. 2004) . The statistical downscaling model (SDSM) is a decision support tool for assessing local climate change impacts using a robust statistical downscaling technique. It facilitates the rapid development of multiple, low-cost, single-site scenarios of daily surface weather variables under current and future climate forcing (Wilby et al. 2002) . The SDSM uses a hybrid of stochastic weather generator and multi-linear regression methods. Generally, the application of the SDSM requires five steps (Wilby et al. 2006 CSIRO, INM and MRI, respectively), were input to the SDSM to simulate daily time series of each predictand under the A2 and B1 emissions scenarios. In SDSM, the 1961-2000 time series were divided into two periods: 1961-1990 and 1991-2000 , for model calibration and validation, respectively (Khan et al. 2006) . The time series of station data and ERA-40 reanalysis data of the period 1961-2000 were divided similarly for model calibration and validation. The ERA-40 reanalysis data were from the European Centre for Medium-Range Weather Forecasts (ECMWF). The archive we used contains 12 daily predictors including air temperature, specific humidity, zonal velocity, and meridional velocity at 500, 700 and 850 hpa. The datasets had been processed to conform to the 2.5º × 2.5º grid resolution of the three GCMs: CSIRO, INM and MRI. The deterministic coefficient (DC), efficiency coefficient (EC) and relative root mean squared error (RRMSE) are used to show the performance of the SDSM in this study. The three statistics of daily precipitation, and maximum and minimum temperature in Fig. 3 show that the daily maximum and minimum temperature are better generated by SDSM than daily precipitation, since DC and EC for daily precipitation are smaller than for temperature, while RRMSE for precipitation is larger than for temperature. Generally speaking, daily precipitation, maximum and minimum temperature generated in the SDSM are acceptable in this study.
Based on the calibrated SDSM model, the three GCMs data for the A2 and B1 emissions scenarios were input to the model, and future daily time series of maximum and minimum temperature and precipitation for each station in the Wei River basin were generated. In the analysis of future climate change, the World Meteorological Organization (WMO) recommends that it is better to use the period 1961-1990 as the baseline rather than 1971-2000, as the latter was greatly affected by climate change. Two periods, 2046-2065 and 2081-2100 were selected to analyse future climate change relative to 1961-1990.
SPATIO-TEMPORAL CHANGES OF RUNOFF UNDER CLIMATE CHANGE SCENARIOS
The climate change scenarios downscaled by SDSM from three GCMs were used to drive the SWAT model, and possible changes in temporal characteristics of runoff regime and spatial distribution of mean annual runoff in the Wei River basin were projected in the future periods of 2046-2065 and 2081-2100. These future periods were recommended by the Intergovernmental Panel on Climate Change (IPCC) as future simulation periods to represent the midcentury and late century, respectively. To reflect general hydrological conditions in the study area during recent decades, the average values of 48 years of observed data at Huaxian station and hydrological simulation results at sub-basin level were taken as the baseline condition. The temporal changes of runoff regime in the WRB were calculated based on the SWAT outputs of runoff generated by the climate change scenarios and observed runoff at Huaxian station, which is located near the outlet of the WRB. The values of runoff simulated by SWAT at each sub-basin of the WRB during the future periods and the baseline period were used to demonstrate the spatial changes in runoff. Fig. 3 Performance of the SDSM in this study.
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Temporal characteristics
The mean values of annual runoff in the WRB for the periods 2046-2065 and 2081-2100 are shown in Table 2 . The mean annual runoff for the baseline period was 72 × 10 8 m 3 . For the 2046-2065 period, the highest mean annual runoff would be 97.6 × 10 8 m 3 , which is under the climate change scenario downscaled from CSIRO-B1; while the lowest mean annual runoff would be 68 × 10 8 m 3 , driven by the MRI-B1 scenario. For the period 2081-2100, the highest mean annual runoff would be 145. Table 2 also provides the 10th, 50th and 90th percentiles (described as R10, R50 and R90, respectively) of the annual runoff series in the two periods. The 10th and 90th percentiles of annual runoff indicate dry and wet years, respectively. The normal year can be described by the mean, or the 50th percentile values of annual runoff. The lowest R10 (37. Further analysis to consider extreme events (floods and droughts) under future climate change scenarios was conducted using the extra SWAT simulation at daily intervals to calculate daily runoff percentiles. The 10th and 90th percentiles of daily runoff series (described as Q10 and Q90) in the baseline and future periods (2046-2065 and 2081-2100) are shown in Table 3 . For 2046−2065, it showed decreasing trends (relative to baseline) for Q10 under all climate change scenarios except INM-A2, and increasing trends for Q90 under all climate change scenarios. This indicates that low flows would be much lower and high flows much higher in 2046−2065 than the baseline period. In other , an increase of 82%, occurred under scenario CSIRO-B1.
For 2081−2100, Q90 showed increasing trends under all the climate change scenarios, but there was no obvious trend for Q10. This was partially consistent with the results for 2046−2065, and suggests that there would also be more extreme flood events in 2081 −2100. The lowest Q10 value of 9.9 m 3 s -1 (CSIRO-B1) in this period was a decrease by 38% from baseline. The greatest Q90 (964.9 m 3 s -1 , MRI-B1) is an increase of more than100% over baseline.
Spatial distribution of mean annual runoff
The spatial distribution of mean annual runoff in the WRB under the CSIRO scenarios for the future periods is shown in Fig. 4 . The highest runoff occurs in parts of the upstream and midstream regions of the WRB, and the lowest runoff over most of the upstream region and the Beiluo River basin. Runoff under the B1 emissions scenario is less than under the A2 scenario in both periods (area with runoff >50 mm is smaller under B1 than under A2). The differences in runoff between the two periods are not as obvious as those between the two emissions scenarios. Figure 5 shows the spatial distribution of mean annual runoff under climate change scenarios downscaled from INM. As with CSIRO, the highest runoff occurs in parts of the upstream and midstream regions of the WRB, and the lowest runoff over most of the upstream region and the Beiluo River basin. Runoff was generally larger than 40 mm at the midstream of the WRB, and the highest runoff was about 200 mm. There is consistency in the spatial distribution among the A2 emissions scenarios in 2046−2065 and 2081−2100, and the B1 scenario in 2046−2065, but runoff under the B1 scenario in 2081 −2100 is obviously greater, and the highest value in the midstream region was more than 200 mm.
The spatial distribution of mean annual runoff under the MRI scenarios is shown in Fig. 6 . Again, the highest runoff occurs in parts of the upstream and midstream regions of the WRB, and the lowest runoff over most of the upstream region and the Beiluo River basin. Under these climate change scenarios, runoff was generally larger than 50 mm at the midstream of the WRB, and the highest runoff reached about 200 mm. Under the A2 and B1 emissions scenarios, runoff for the 2081−2100 period was larger than for 2046−2065. The highest runoff was >220 mm in 2081−2100, driven by MRI-B1, and much larger than that in the baseline period, CSIRO and INM scenarios. Figures 7-9 show the spatial changes in runoff under climate change scenarios with respect to that in the baseline period. The magnitude of runoff changes was from -9 to 129.2 mm under the CSIRO scenarios (Fig. 7) , and the changes in most regions showed positive trend. In general, changes in runoff are consistent between the different scenarios with runoff decrease in the headwater catchments of the WRB and upstream of the Beiluo River basin, and runoff increase in the middle and downstream regions of the WRB. The magnitude of the decreasing trend was less than 10 mm, while a significant increasing trend occurred in the midstream region of the WRB, with the largest magnitude of increasing trend reaching about 100 mm, especially for runoff under the B1 scenario for 2046−2065. Overall, Fig. 7 shows decreasing trend in the headwaters and increasing trend in the midstream of WRB for runoff under the CSIRO scenarios, with the magnitude of increasing runoff greater under B1 than A2.
Using INM, the magnitude of changes in runoff was from -28.5 mm to 173.4 mm, and most values were positive (Fig. 8) . There is consistency for changes in runoff under different combined scenarios, with runoff decrease at some upstream region of the WRB and upstream of the Beiluo River basin, but increase at the mid-lower stream catchments. Where runoff decreased, the magnitude of negative trend was about -10 mm and up to about -30 mm. The increasing trends in the mid-and downstream WRB (Fig. 8) are clear, with magnitudes of positive trend larger than 20 mm and up to about 173.4 mm.
The spatial results using MRI (Fig. 9 ) generally also show consistency for changes in runoff under different combined scenarios, with runoff decrease in some upstream areas, and upstream of the Beiluo River basin, and runoff increase elsewhere. The magnitude of changes in runoff ranged from -8.2 to 198.1 mm, with most of the values positive. The region with decreasing runoff has a negative trend of less than 10 mm. Overall, it showed greater increasing trends were projected with the MRI scenarios than under the CSIRO and INM scenarios for most parts of the basin. 
